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Abstract

Logical reasoning is a key capability of large
language models, yet current benchmarks focus
almost entirely on tasks that just check basic
logical consistency and overlook the reflective
reasoning required for paradox detection and
resolution. To fill the gap, we present ParaSuite,
the first pipeline dedicated to paradox research
that automates data synthesis, evaluation, and
training. We introduce PARADOX, a synthetic,
high-quality data spanning two difficulty tiers
and three academic domains, accompanied by
specialized evaluation metrics and solving al-
gorithms. We propose ParadoxBreaker-7B,
trained with Mutual-Information Guided Fine-
Tuning and reinforcement learning step verify
paradox reward(PAPO). Experiments demon-
strate significant improvements in both para-
doxical and general STEM reasoning.

1 Introduction

Logical reasoning is a core capability for large
language models (LLMs), yet almost all exist-
ing benchmarks—and the training objectives they
induce—remain confined to classical predicate-
logic consistency. Although recent advances such
as chain-of-thought (CoT) prompting(Wei et al.,
2022), supervised finetuning(Zhou et al., 2025),
and reinforcement learning(Xie et al., 2025) have
improved deductive performance, LLMs still op-
erate almost exclusively within the safe bounds of
standard syllogistic reasoning.

Real-world inference is far richer: it is often non-
monotonic, context-dependent, and propositionally
tangled. Paradoxes epitomize this complexity. A
paradox arises when assuming a statement to be
either true or false yields, via valid reasoning, a
conclusion that contradicts the very assumption.
Classic examples—Russell’s set paradox in mathe-
matics, Zeno’s arrow in physics, or legal dilemmas
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Figure 1: Three Reasoning Paradigms: Standard Logi-
cal, Chain-of-Thought, and Paradox Reasoning

Paradox proof
Input: Logical paradox problem .
Output: Two proofs are used to discover the contradiction
of the proposition
* Suppose is true, prove to be false;
e Suppose is false, prove that is true;
» determine whether the paradox P is contradictory.
Paradox resolution
Input: Logical paradox problem .
Output: Meta logical analysis.

Figure 2: Our setup for the paradox resolution task.

in jurisprudence—have historically driven scien-
tific and societal progress precisely by exposing
cracks in orthodox logic.

Our empirical analysis indicates that even the
most widely used, reasoning-strong LLMs still
struggle to recognize, explain, or resolve such
contradictions. Hence, to push models beyond
mere consistency checking and toward deeper re-
flective inference, we must move past predicate-
logic benchmarks and introduce dedicated paradox-
reasoning tasks and objectives(Han et al., 2024;
Zhang et al., 2025).

Logical reasoning in large language models
(LLMs) has received increasing attention (Zhou
et al., 2024; Zhang et al., 2024; Hao et al., 2024;
Xu et al.,, 2025), driving the development of
benchmarks such as LogicBench (Parmar et al.,
2024), Multi-LogiEval (Patel et al., 2024), and Crit-
icBench (Lin et al., 2024). These benchmarks focus
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mainly on accuracy in commonsense and deduc-
tive tasks, often neglecting the reasoning process
itself. Recent advances have introduced prompting
methods like CoT, Self-Consistency (Wang et al.,
2022), and Tree-of-Thoughts (Yao et al., 2023)
to improve multi-step inference. Fine-tuning on
structured datasets (e.g., Proof Writer (Tafjord et al.,
2021)) and reinforcement learning approaches such
as RLHF (Ouyang et al., 2022) further enhance
LLMs’ reasoning capabilities. Hybrid methods
also support scientific and domain-specific reason-
ing (Lewis et al., 2020; Zhou et al., 2023; Wang
and Shi, 2025; Jiang et al., 2025). However, most
existing work centers on predicate logic, with little
attention to paradoxical reasoning. Propositional
paradoxes—though conceptually challenging—are
underrepresented due to difficulties in construc-
tion and evaluation (Tian et al., 2021; Xu et al.,
2025; Fan et al., 2024), and current benchmarks
lack dedicated datasets or metrics to assess this crit-
ical dimension. The absence of specialized datasets,
assessment tasks, and evaluation metrics has led to
a lack of systematic evaluation of large language
models’ capabilities in this critical area.

To address this gap, we present ParaSuite, the
first pipeline dedicated to paradox research that
automates data synthesis, evaluation, training meth-
ods. Specifically, we introduce a comprehensive
paradox dataset comprising paradoxes from math-
ematics, physics, and semantic logic. These para-
doxes are carefully curated and categorized based
on their logical structure and domain-specific char-
acteristics. The dataset is designed not only to chal-
lenge models’ ability to follow chains of reasoning,
but also to push the boundaries of their capacity to
detect and analyze contradictions—an essential but
often neglected aspect of robust reasoning. Build-
ing upon this dataset, we fine-tuned large language
models with two specific goals: (1) to enhance their
ability to recognize and explicitly identify potential
contradictions within paradoxical statements; and
(2) to endow them with “meta-logical” explanation
skills—that is, the capability to provide abstract
or high-level commentary when they are unable
to resolve the contradiction through standard rea-
soning alone. This meta-logical perspective allows
models to articulate the nature of the paradox and
the structural source of contradiction, reflecting
a more nuanced understanding than binary logi-
cal consistency. Our experiments demonstrate not
only improved paradox handling, but also reveal
an unexpected auxiliary benefit: models fine-tuned

on paradox resolution exhibit enhanced reasoning
and explanation abilities across broader STEM (sci-
ence, technology, engineering, and mathematics)
domains. For example, models show improved con-
sistency when confronted with ambiguous or con-
tradictory premises in math word problems, physics
scenarios, and logical puzzles.
In summary, our study contributes:

* We present ParaSuite, the first pipeline dedi-
cated to paradox research that automates data
synthesis, evaluation, training methods and
model ParadoxBreaker-7B.

* We diagnose the state-of-the-art LLM defi-
ciencies in paradox analysis and resolution,
introduce a structured paradox dataset, and de-
signed evaluation metrics for paradox analysis
and resolution. Extensive experimental results
demonstrate that our dataset is of significant
value in enhancing both the logical reasoning
abilities of large language models and their
capabilities in the natural sciences.

* We design a step-level verifiable
reinforcement-learning approach (PAPO)
that trains the model to detect and resolve
paradoxes effectively. Experiments show
that the same method also improves large
language models on other STEM reasoning
tasks.

2 Related Work

Reasoning with LL.Ms. Large language models
(LLMs) have demonstrated impressive capabilities
across a broad range of complex reasoning tasks;
however, challenges remain in structured forms
of inference such as deductive and abductive rea-
soning (Clark et al., 2020; Saparov and He, 2022).
Prompting strategies—including CoT and its vari-
ants like Self-Consistency (Wang et al., 2022) and
Tree-of-Thoughts (Yao et al., 2023)—have con-
sistently improved logical reasoning performance
by promoting stepwise, multi-stage problem solv-
ing. Beyond prompting, supervised fine-tuning on
datasets such as ProofWriter (Tafjord et al., 2021)
and LogiQA (Liu et al., 2020), as well as rein-
forcement learning from human feedback (RLHF)
(Ouyang et al., 2022), further enables LLMs to in-
ternalize formal reasoning patterns and better align
their outputs with human expectations. For scien-
tific and domain-specific reasoning, LLMs must
also integrate external knowledge and causal logic.
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Approaches such as retrieval-augmented generation
(Lewis et al., 2020) and zero-shot CoT prompting
(Kojima et al., 2022) provide performance improve-
ments without requiring model retraining. Addi-
tionally, hybrid methods that combine LLMs with
external tools have proven effective in specialized
tasks, including chemical synthesis planning (Zhou
et al., 2023) and robotics (Huang et al., 2022). Al-
together, these advancements illustrate promising
progress, yet robust and interpretable logical rea-
soning in LLMs remains an open research frontier.

Paradox Reasoning. Tennant (2024) established
a proof-theoretic framework for defining paradoxes
as derivations that resist normalization, using this
approach to analyze and categorize intensional
paradoxes. To tackle paradoxical reasoning, Tong
et al. (2023) proposed a framework that integrates
inference with planning, providing a structured
method to reduce inconsistencies. Additionally,
Tian et al. (2021) introduced LogicNLI, a dataset
aimed at evaluating first-order logical reasoning
(FOL) in paradoxical contexts, while Kazemi et al.
(2024) developed BoardgameQA, which included
contradictory information to assess reasoning ca-
pabilities. However, existing research often lacks
dedicated datasets and tailored evaluation metrics
specifically for paradox reasoning, and there is a
deficiency in the systematic evaluation and anal-
ysis of advanced LLMs’ capabilities. This paper
seeks to fill these gaps by presenting a specialized
dataset and custom evaluation metrics for paradox
reasoning, thereby establishing a comprehensive
benchmark for state-of-the-art LLMs.

3 Task Setups and Datasets

Task Setup. The overall task pipeline is illustrated
in Figure 2. We define two subtasks for evaluating
large language models (LLMs):

e Paradox Contradiction Identification
(PCI): Assessing the ability of LLMs to
recognize and explicitly identify potential
contradictions within paradoxical statements.
The PCI task consists of two components:
(1) judgment, where the model determines
whether a contradiction exists, and (ii) justifi-
cation, where the model provides a proof or
explanation for the identified contradiction.

* Meta-Logical Explanation Generation
(MEG): Evaluating the capability of LLMs
to provide abstract or high-level commentary
(“meta-logical” explanations). If the model

cannot resolve the contradiction within the
classical logic paradigm, it must generate a
meta-logical explanation. This output should
discuss, in a higher-level and abstract manner,
why the paradox arises (e.g., category error,
semantic ambiguity, self-reference problem),
and may suggest avenues for resolution
beyond classical logic.

3.1 Dataset Construction.

Harvesting and Generation. We constructed
our dataset through a multi-stage harvesting, fil-
tering, and validation pipeline tailored to sup-
port both Paradox Contradiction Identification
(PCI) and Meta-Logical Explanation Generation
(MEG) tasks. Starting from 60 canonical para-
doxes sourced from reputable resources such as
Wikipedia and spanning mathematical, physical,
and semantic domains, we expanded the collec-
tion via GPT-4o, instructing the model to generate
novel paradoxical statements across five targeted
domains. This process yielded over 4,900 raw can-
didates, including 2,000 semantic, 1,200 physical,
and 1,700 mathematical paradoxes.

Automatic and Human Filtering. Each candi-
date underwent a rigorous two-stage filtering pro-
cess combining both automatic and human screen-
ing. In the first stage, five human reviewers and
GPT-4 collaboratively eliminated propositions ex-
hibiting clear implausibility or triviality. In the
second stage, human annotators performed fine-
grained vetting, excluding statements that were log-
ically malformed, factually incorrect, or contained
sensitive ethical or political content. Surviving
candidates were classified as paradoxes if—under
formal evaluation by human annotators and GPT-
4—they admitted two distinct derivations (one for
A, one for —A) within a logical system L given a
background set of assumptions E.

Annotation for PCI and MEG Tasks. To sup-
port the PCI task, each paradox is annotated with
both a judgment—i.e., whether a contradiction ex-
ists—and a justification in the form of a formal
proof. For the MEG task, verified paradoxes are
further processed by GPT-40 to generate high-level
“meta-logical” explanations, especially in cases
where contradictions cannot be resolved via stan-
dard inference. Each model output is then manually
evaluated by five independent annotators for cor-
rectness and solvability judgment, with inter-rater
agreement (IRA) used to ensure reliability. Outputs
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with low IRA are regenerated and re-evaluated un-
til high-quality, consistent annotations are obtained.
The final Paradox dataset consists of 1,917 entries,
with 1,000 used for training and 917 for testing.

Adpversarial Paradox Construction. To further
probe model generalization, we include adversarial
paradoxes—newly constructed variants in which
surface features are altered while the underlying
logical contradiction remains unchanged. This de-
sign prevents memorization and ensures that mod-
els genuinely understand paradoxical structures
rather than relying on superficial pattern matching.

3.2 Evaluation Protocol

Rubric-based metrics. Figure 3 illustrates our
evaluation protocol for PCI and MEG. Rather than
relying on string matching, we score both tasks
with rubric-based criteria that allow semantically
equivalent but differently phrased answers to re-
ceive credit.

Paradox Contradiction Identification (PCI). PCI
evaluates whether a model can correctly iden-
tify the existence of a contradiction and justify it
through dual-branch reasoning. We assess PCI
along three dimensions: (i) judgment correctness,
namely whether the model correctly predicts the
presence or absence of a contradiction; (i) dual-
branch validity, namely whether the model can
derive contradiction under the assumption that the
proposition is true and under the assumption that it
is false; and (iii) reasoning completeness, namely
whether the proof chain is logically coherent and
sufficiently complete. For each branch, responses
receive full, partial, or zero credit according to a
task-specific rubric. To account for generation vari-
ance, we adopt a Pass@5 protocol and retain the
highest rubric score among five sampled genera-
tions for each proof branch. The final PCI score is
computed as

PCI = 0.5JA 4 0.25 P; +0.25 P,

where JA € {0, 1} denotes judgment accuracy, and
Py, P, € [0, 1] denote the rubric-based scores for
the two proof branches.

Meta-Logical Explanation Generation (MEG).
MEG evaluates whether a model can provide a
high-level explanation when a paradox cannot be
satisfactorily resolved within the classical logic
paradigm. We score MEG along three dimensions:
(i) paradox source identification, i.e., whether the
explanation correctly identifies the source of the

paradox such as self-reference, semantic ambiguity,
or category error; (ii) explanatory adequacy, i.e.,
whether the explanation meaningfully accounts for
why the contradiction arises; and (iii) resolution
framing, i.e., whether the response suggests a plau-
sible meta-logical perspective or resolution path
beyond classical inference. Each response is as-
signed full, partial, or zero credit under this rubric,
and the final MEG score is the mean credit over
all instances that require meta-logical explanation.
Importantly, semantically valid alternative expla-
nations can receive full or partial credit even when
they do not follow the exact wording of the refer-
ence annotation.

Human-LLM joint adjudication. To ensure
rigorous and transparent assessment, we adopt a
human-LLM joint evaluation pipeline. For each
model output, GPT-4 first provides an initial as-
sessment, including contradiction judgment, sup-
porting evidence, and brief justification for PCI,
as well as preliminary relevance and clarity assess-
ment for MEG. Subsequently, at least two human
annotators independently review the output against
the annotation rubric, resolve ambiguous or par-
tially correct cases, and override the LLM judg-
ment when necessary, always with explicit ratio-
nale. When disagreements arise either between the
LLM and human annotators or between annotators
themselves, a third expert adjudicates the case. All
responses are scored on a three-level scale: full
credit for logically sound and sufficiently complete
answers, partial credit for plausible but incomplete
answers, and zero credit for incorrect or irrelevant
answers. Final PCI and MEG scores are reported as
the mean credit across all evaluation instances. The
inter-annotator agreement is high, with IRA > 0.9.
Illustrative example. Figure 3 shows a represen-
tative example. The gold label is contradiction,
whereas the model predicts no contradiction, yield-
ing JA = 0. For the two proof branches, Proof
1 correctly derives a contradiction and receives
full credit (P; = 1.0), while Proof 2 fails to es-
tablish the contradiction and receives zero credit
(P> = 0.0). The resulting PCI score is

PCI=0.5x0+0.25 x 1.0+ 0.25 x 0.0 = 0.25.

For MEG, the model provides a semantically ad-
equate high-level explanation of the paradox, and
thus receives full credit, yielding MEG = 1.0.

Guided
integrated

Fine-
gradient

Mutual-Information
Tuning(MIFT) Using
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Is an omnipotent being capable of creating a task that it cannot complete, while still retaining its

uestion 3
Q omnipotence?
Proof 1 (Assuming the statement is true):
Paradox If an omnipotent being can create a task it cannot complete, it contradicts the definition of omnipotence,
re which entails the ability to complete all tasks. This leads to a logical contradiction.
Contradiction ; q
3 5 Proof 2 (Assuming the statement is false):
Identification . . . . . .
®CI) If an omnipotent being cannot create a task it cannot complete, it retains the ability to complete all tasks,
Response preserving its omnipotence without contradiction.

Conclusion: There is no contradiction.

Meta-Logical
Explanation
Generation (MEG)

Proof: Omnipotence does not imply the power to do the logically impossible, such as making 1+1=3 or
creating a stone one cannot lift. These are contradictions, not genuine tasks.
Conclusion: Omnipotence entails the ability to do all logically possible things; self-contradictory acts fall

outside its scope.

Judgment
Evaluation metrics g Justification Proof
Accuracy
Proof 1 (Assuming the statement is true): If an omnipotent being can create a task it
Paradox No cannot complete, it contradicts the definition of omnipotence, which entails the ability to
Contradiction . complete all tasks. This leads to a logical contradiction. (correct)
) . contradiction. . . . . .
Identification — Proof 2 (Assuming the statement is false): If an omnipotent being cannot create a task it
iR tOms (PCI) cannot complete, it retains the ability to complete all tasks, preserving its omnipotence

without contradiction. (error)

Meta-Logical
Explanation =
Generation (MEG)

The omnipotence paradox is resolved by clarifying that omnipotence does not entail doing
the logically impossible, since contradictions are not genuine tasks but meaningless
constructs.(correct)

Figure 3: Worked example of rubric-based evaluation for PCI and MEG. The model receives zero credit for judgment
correctness, full credit for one valid proof branch, zero credit for the other branch, and full credit for a semantically

adequate meta-logical explanation.

based attribution we observe that a small set of
tokens such as true and false is pivotal for both
detecting and resolving paradoxes and that these
tokens exhibit markedly higher mutual information
with the reference answer. Building on this finding
we propose an MI guided fine tuning scheme that
reweights the training loss according to the mutual
information between each token and the reference
answer.

N
Lyt = — Zwi log Py(t; | t<i, X)
=1

Iti; Y) —p

w; =1+«
o+e

Here I(t;;Y) denotes the estimated mutual in-
formation between token t; and the full answer Y
p and o are the mean and standard deviation of
the mutual-information scores within the current
sequence, and ¢ is a small constant for numerical
stability. «vis a temperature coefficient that controls
the strength of reweighting.

PAPO: Reinforcement Learning with Step Ver-
ify Paradox Reward Rewarding only the final
answer often invites reward hacking. We therefore
pair the outcome score with a verifiable step-wise
reward and train the policy with both signals within
the training loop. This method systematically eval-
uates each model-generated completion in response
to paradox prompts and returns a scalar reward that

reflects both logical correctness and response struc-
ture.

For each completion, the method performs a
multi-objective assessment: Contradiction denial
detection serves as an outcome reward. It first
checks whether the output explicitly denies the
presence of a contradiction. If so, it assigns a
strong negative reward, ensuring that the model
is discouraged from producing evasive or incor-
rect judgments that undermine the core objective
of paradox identification.

Proof structure recognition assigns verifiable re-
wards to individual reasoning steps using the SMT
solver Z3. For each generated step, GPT-40 first
translates the natural-language premises and con-
clusion into a Z3-compatible subset of SMT-LIB.
Let P,..., P, denote the original premises to-
gether with all previously verified intermediate con-
clusions, and let R be the conclusion of the current
step. We then check the satisfiability of

PiINPON - NPy AR,

If 73 returns unsat, the step is verified as logically
valid; otherwise, if it returns sat or times out, the
step is treated as incorrect or unverified. Based on
this step-level verification, the reward further en-
courages valid proof-by-contradiction reasoning,
especially when the model correctly derives in-
consistency under either the assumption that the
proposition is true or that it is false. Each verified
contradiction step receives an additional positive
reward.
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The outcome of the method is a dense reward
signal per output, directly used to compute policy
gradients like GRPO(Shao et al., 2024) optimiza-
tion process. Through iterative training, this reward
function reliably steers the model to generate out-
puts that not only pinpoint the contradiction at the
heart of each paradox but also mirror expert-level
reasoning processes, thus fostering deeper logical
proficiency and meta-cognitive reasoning skills in
the Qwen model.

4 Experiment

4.1 Experimental Setup

All experiments are run on 8 NVIDIA A100 GPU
paired with a 64—core Intel Xeon CPU under
Ubuntu 20.04. We use Python 3.12 and leave
both the input and output context windows at each
model’s default maximum length. During the train-
ing stage, we chose Qwen as our foundation be-
cause it has strong general capabilities and adapt-
ability to professional reasoning tasks. To effec-
tively guide the model, each training example is for-
matted using a structured prompt template, which
consists of (1) a description of the task and (2) para-
doxical propositions. All hyperparameters, such as
learning rate, batch size and sequence length, are
empirically optimized based on the performance of
the validation set.

Datasets In addition to our PARADOX dataset,
we evaluate model performance on some estab-
lished benchmarks: GSM8K (Cobbe et al., 2021),
ARC Challenge (Clark et al., 2018), CEval (Huang
et al., 2023). GSMS8K consists of 8,500 grade-
school level math word problems that test multi-
step arithmetic reasoning. ARC Challenge poses
difficult science questions from standardized exams
designed for middle and high school students, re-
quiring external knowledge and reasoning beyond
surface-level text matching. CEval is a Chinese-
language benchmark containing over 13,000 exam
questions across 52 disciplines from high school,
university, and professional qualification tests, and
serves to assess domain-specific general knowledge
and reasoning in Chinese.

The human reviewers and annotators involved
in dataset filtering and evaluation were research
assistants. Before annotation, all participants were
provided with written instructions describing the
task objectives, annotation criteria, expected work-
load, and the intended research use of the collected
annotations. They were also informed that the

Model PCIT MEG1
GPT-ol 77.07  66.90
GPT-4 69.74  49.87
Qwen3-235B 69.26  52.93
GLM-4 67.81 57.38
Qwen2.5-72B 66.52  50.66
DeepSeek-R1 65.88  55.05
DeepSeek-2.5 65.85 48.46
Claude-3.5 64.58 53.40
LLaMA-3.1-70B  60.46  34.06
Qwen2.5-7B 60.00 42.81
LLaMA-3.1-8B  55.03  27.07

Table 1: Performance of frontier LLMs on PARADOX.
Best and second-best results are marked in bold and
underline, respectively.

review process might involve logically complex,
contradictory, or potentially sensitive statements,
although ethically or politically sensitive content
was excluded during filtering.

All annotators provided informed consent prior
to participation and agreed that their annotations
could be used for dataset construction, evaluation,
and research publication. Participants were com-
pensated at an hourly rate consistent with institu-
tional standards. The study protocol was approved
by the relevant institutional ethics review process.

Models We benchmark some large language
models on our PARADOX test dataset (917) in-
stances, including both closed-source APIs and
open-source instruction-tuned models. The eval-
uated models include Qwen-2.5-72B-Base(Yang
et al., 2024), Llama-3.1-70B-Base (Dubey et al.,
2024), Qwen-2.5-7B-Base(Yang et al., 2024), and
Llama-3.1-8B-Base (Dubey et al., 2024). These
models span a wide range of architectures and
scales, from compact 7B variants to frontier mod-
els with over 70B parameters. We benchmark a set
of strong closed-source and open-source LLMs on
the PARADOX test set (917 instances).

4.2 Frontier Models on PARADOX

We first benchmark a range of frontier closed-
source and open-source LLMs on PARADOX. As
shown in Table 1, even the strongest models remain
far from saturated, especially on MEG, indicating
that paradox reasoning is still challenging for cur-
rent LLMs.

4.3 Main Result

Fine-tuning and reinforcement learning substan-
tially improve the ability of Qwen2.5 models to
identify and resolve paradoxes on both PCI and
MEG. Moreover, results on GSM8K, ARC-C, and
C-Eval suggest that paradox-aware training can
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Model Paradox (PCI1) Paradox (MEG 1) GSM8K ARC-C C-Eval
Qwen2.5-3B-BASE 0.2521 0.2275 0.7910  0.5650 0.6632
Qwen2.5-3B-MIFT 0.6025 0.3724 0.7218 0.8100 0.6750
ParadoxBreaker 3B 0.6458 0.4984 0.7527 0.8190 0.6874
Qwen2.5-7B-BASE 0.6000 0.4281 0.8540  0.6370 0.7758
Qwen2.5-7B-MIFT 0.7204 0.5132 0.8802 0.8545 0.7397
ParadoxBreaker 7B 0.7984 0.6864 0.9013 0.8617 0.7548
Qwen2.5-72B-BASE 0.6483 0.5001 0.9150  0.7240 -

Llama3-8B-BASE 0.5503 0.2707 0.5530  0.5930 -

Llama3-70B-BASE 0.6046 0.3406 0.7760  0.6880 -

Table 2: Comparison of model performance on paradox analysis (PCI, MEG) and general reasoning tasks. PCI
evaluates paradox contradiction identification and MEG evaluates meta-logical explanation generation. Best results
in bold, second best in underline.

Model Semantic Physical Math

PCI PCI, MEG MEG, PCI PCI, MEG MEG, PCI PCI, MEG MEGy
Qwen2.5-72B-Base  0.6524 0.6637 0.5540 0.5568 0.6667 0.6814 0.4697 0.4757 0.6258 0.6593 0.4767 0.4815
LLaMA3-70B-Base  0.6185 0.6212 0.3624 0.3682 0.6477 0.6585 0.3727 0.3714 0.5475 0.5663 0.2867 0.2907
Qwen2.5-7B-Base 0.5923 0.6055 0.4599 0.4574 0.6720 0.6689 0.4212 0.4233 0.5358 0.5482 0.4033 0.4047
LLaMA3-8B-Base 0.5514 0.5742 0.2683 0.2706 0.6045 0.5980 0.2939 0.3002 0.4950 0.5026 0.2500 0.2534
ParadoxBreaker-7B  0.8734 0.8612 0.7614 0.7598 0.7630 0.7568 0.6245 0.6433 0.7589 0.7574 0.6734 0.6820

Table 3: Comparison of state-of-the-art models on the Paradox reasoning dataset for Semantic, Physical, and
Math domains. PCI: Paradox Contradiction Identification (automatic), PClyman: human evaluation of PCI, MEG:

Meta-Logical Explanation Generation (automatic), MEGyym,,: human evaluation of MEG.

also transfer to broader scientific and mathematical
reasoning tasks, although the gains are not uniform
across all external benchmarks.

Table 2 presents the main results on para-
dox analysis (PCI and MEG) together with three
general reasoning benchmarks (GSM8K, ARC-
C, and C-Eval). Qwen2.5-3B-MIFT is obtained
by fine-tuning Qwen2.5-3B-Base on the paradox
dataset, and ParadoxBreaker 3B is further trained
from Qwen2.5-3B-MIFT using PAPO. Similarly,
Qwen2.5-7B-MIFT is obtained from Qwen2.5-7B-
Base, and ParadoxBreaker 7B is further trained
from Qwen2.5-7B-MIFT with PAPO.

On the paradox reasoning benchmarks, Para-
doxBreaker 7B achieves the best overall perfor-
mance, reaching 0.7984 on PCI and 0.6864 on
MEGQG, surpassing the second-best model Qwen2.5-
7B-MIFT (0.7204 PCI, 0.5132 MEG). On the gen-
eral reasoning benchmarks, PARADOXBREAKER
7B achieves the best score on ARC-C (0.8617),
while remaining competitive on GSM8K (0.9013)
and C-Eval (0.7548), although the highest GSM8K
score is achieved by Qwen2.5-72B-BASE (0.9150)
and the highest C-Eval score by Qwen2.5-7B-
BASE (0.7758).

Comparing Qwen2.5-3B-MIFT with Qwen2.5-
3B-BASE, paradox-aware supervised training
yields substantial gains on both PCI and MEG,
improving from 0.2521 to 0.6025 on PCI and

from 0.2275 to 0.3724 on MEG. Additional PAPO
training further improves performance: PARA-
DOXBREAKER 3B reaches 0.6458 on PCI and
0.4984 on MEG. Similar trends are observed for the
7B models, where Qwen2.5-7B-MIFT improves
over the base model from 0.6000 to 0.7204 on PCI
and from 0.4281 to 0.5132 on MEG, while PARA-
DOXBREAKER 7B further advances these scores to
0.7984 and 0.6864, respectively.

The transfer pattern on external benchmarks is
more nuanced. On ARC-C, both MIFT and PAPO
consistently improve performance, with PARA-
DOXBREAKER 7B achieving the best score of
0.8617. On GSMB8K, paradox-aware training im-
proves the 7B model from 0.8540 to 0.8802 and
further to 0.9013, but does not surpass the 72B
baseline. On C-Eval, the 3B model benefits from
paradox-aware training, whereas the 7B model
shows a decline relative to the base model despite
retaining competitive performance overall. These
results suggest that paradox-aware training trans-
fers most clearly to paradox reasoning itself and
to selected external reasoning tasks such as ARC-
C, while transfer to broader benchmarks is task-
dependent.

Table 3 further reports PCI and MEG perfor-
mance across three domains: Semantic, Physical,
and Math. For each domain, we report both au-
tomatic scores (PCI, MEG) and human-evaluated
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scores (PCI,, MEGy). PARADOXBREAKER 7B
achieves the best overall performance across all
domains and metrics, consistently outperforming
the baselines in both automatic and human evalua-
tion. For example, on the Semantic domain, PARA-
DOXBREAKER 7B reaches 0.8734 on PCI and
0.8612 on PCI;; on the Math domain, it achieves
0.7589 on PCI and 0.6734 on MEG, again ex-
ceeding all baselines. Among the baseline mod-
els, Qwen2.5-72B-BASE and Qwen2.5-7B-BASE
generally outperform LLaMA3-70B-BASE and
LLaMA3-8B-BASE, but still remain below PARA-
DOXBREAKER 7B.

Averaged across systems, semantic paradoxes
are the easiest, whereas mathematical paradoxes
remain the most challenging, consistently yield-
ing the lowest PCI and MEG scores. Overall,
these results show that PARADOXBREAKER 7B
is markedly more effective in contradiction identi-
fication and meta-logical explanation generation,
with especially strong gains on paradox reasoning
and selective but not universal transfer to external
reasoning benchmarks.

4.4 Ablation studies

Ablation studies reinforce the effectiveness of each
proposed component. Table 4 presents an ablation
study to assess the impact of paradox-specific fine-
tuning and PAPO training on both 3B and 7B model
variants. For each model, we report performance
on paradox contradiction identification (PCI), meta-
logical explanation generation (MEG), and general
reasoning benchmarks ARC-C.

For both 3B and 7B models, fine-tuning on the
paradox dataset (+ MIFT) leads to substantial gains
in both PCI and MEG, demonstrating the effec-
tiveness of supervised paradox learning. Subse-
quent PAPO training (+PAPO) brings further im-
provements, especially for the 7B model, where
PCI increases from 0.7204 to 0.7984 and MEG
rises from 0.5132 to 0.6864.

Improvements in paradox resolution also trans-
late to general reasoning domains. On ARC-C,
we observe performance gains after both MIFT
and PAPO: for example, Qwen2.5 7B achieves an
ARC-C score of 0.9013 after PAPO, outperforming
its base and fine-tuned counterparts.

These results confirm that paradox-focused train-
ing not only enhances the model’s capability to
identify and resolve paradoxes, but also confers
broader improvements in scientific and mathemati-
cal reasoning.

Model PCI MEG ARC-C
Qwen2.5 3B-BASE  0.2521  0.2275  0.5650
+ MIFT 0.6025 03724  0.8100
+ PAPO 0.6458 0.4984  0.8190
Qwen2.5 7B-BASE  0.6000 0.4281  0.6370
+ MIFT 0.7204 0.5132  0.8545
+ PAPO 0.7984 0.6864 0.9013
LLaMA3-8B Base 0.5500 0.2710 -
+ MIFT 0.6510 0.4930 -
+ PAPO 0.7130  0.6680 -
LLaMA3-70B Base 0.6050 0.3410 -
+ MIFT 0.7330  0.6930 -
+ PAPO 0.7820 0.7620 -

Table 4: Ablation study on the effects of paradox fine-
tuning and PAPO training across Qwen2.5 and LLaMA3
model families. PCI, MEG, and ARC-C denote paradox
contradiction identification, meta-logical explanation
generation, and ARC-Challenge scores, respectively.

5 Discussion

Compared Supervised FuneTuning AND MIFT
Table 5 compares standard supervised fine tuning
(FT) with mutual-information guided fine tuning
(MIFT) under identical data volume and training
epochs for two model sizes. We report three met-
rics MIFT outperforms FT across both model sizes

Table 5: Performance of MIFT versus standard FT.
Higher values indicate better performance.

Model PCI MEG ARCC
Qwen2.5 3B Base 0.252 0.228  0.565
+FT 0457 0304 0.671
+ MIFT 0.603 0372 0.810
Qwen2.5 7B Base 0.600 0.428  0.637
+FT 0.684 0.492  0.752
+ MIFT 0.720 0.513  0.855

and all three metrics. For the 3B model it achieves
increases of 31% on PCI, 22% on MEG, and 20%
points on ARC-C. For the 7B model the improve-
ments reach 5.2% on PCI and 4.3%on MEG, to-
gether with 13.7% rise on ARC-C. MIFT not only
boosts paradox performance but also yields positive
transfer to the external ARC Challenge benchmark,
suggesting that the mutual-information signal en-
courages the model to acquire more general logical
representations.

Design Principles of PAPO Token-level rewards
in standard GRPO frameworks are insufficient for
diagnosing specific faults in the reasoning pro-
cess. By modularizing the reward signal into
Contradiction Detection (CD) and Proof Structure
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Question: A single grain of wheat does not constitute a heap, but many grains together do. Likewise, removing one grain from
a heap still leaves it a heap. If we continue removing one grain at a time, does the final remaining grain still count as a heap?

Responses: Proof

Qwen2.5 7B
grain would still be a heap — a contradiction.

reduce to a non-heap — also a contradiction.

ParadoxBreaker

common sense.

Human Response
one grain is a heap—contradicting intuition.

identified—also a contradiction.

Assume that removing one grain from a heap still leaves a heap.
Repeating this process leads to the conclusion that even a single

Alternatively, assume that removing one grain immediately
makes it no longer a heap. Then a heap could never gradually

Assume that a heap is any collection of grains exceeding an

unspecified threshold N. Start with a heap and remove one

B grain at a time, each time keeping the total above N, so it remains
a heap. If this continues until only one grain remains, then by this
logic, even a single grain would still be a heap—contradicting

If the proposition is true, then repeated removal of a single
grain should never turn a heap into a non-heap, implying even

If false, a sharp cutoff must exist, but no clear point can be

Conclusion

To resolve this paradox, we adopt fuzzy logic,
which allows the concept of a “heap” to be vague
and gradable, rather than strictly defined. This
accounts for the gradual transition from “heap”
to “non-heap” without sharp boundaries.

Conclusion

Under this threshold-based definition and the
iterative removal process, even a single grain could
be deemed a “heap” despite contradicting everyday
intuition. This highlights how vagueness in the
definition allows counterintuitive outcomes.

Conclusion

The paradox shows that “heap” is a vague
concept without a precise boundary and
should be treated as such.

Figure 4: Cases of responses from different LLMs.

Recognition (PSR), our approach enables precise,
component-level feedback that supports nuanced
model guidance and diagnostics. Incorrectly deny-
ing the existence of a contradiction is more detri-
mental to overall task performance than providing
merely incomplete proofs. Accordingly, contradic-
tion denial errors are assigned a substantially higher
negative weight in the CD component. Empirically,
this asymmetric penalty structure reduced the inci-
dence of uninformative outputs by approximately
37%.

Case Study As shown in Fig. 4, ParadoxBreaker-
7B demonstrates an iterative reduction process by
systematically decreasing the number of grains in
the heap. This approach effectively reveals how the
concept of gradation leads to ambiguity in defining
a “heap.” Moreover, ParadoxBreaker-7B proposes
meta-logic to address the issue. In contrast,
Qwen2.5-7B fails to identify the underlying
contradiction of the paradox and does not provide
any potential meta-logical reasoning. Overall,
compared to human proofs, model-generated
proofs exhibit greater vividness and logical rigor.

6 Conclusion

Current large language models reasoning largely
overlook paradoxical reasoning, which often mir-
rors complex real-world challenges. We address
this gap by constructing a comprehensive paradox
dataset and explicit evaluation metrics, and pro-
pose ParadoxBreaker-7B, trained with targeted fine-

tuning and reinforcement learning. Experiments
demonstrate significant improvements in both para-
doxical and general STEM reasoning.

Limitations

Our study is constrained by an insufficiently large
dataset. Future work should aim to expand the
dataset and a larger number of models to enhance
the robustness of the findings.
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